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Abstract The integration of Transportation Demand Management (TDM) policies is a challenging issue
in urban policy studies. Interactions between policies that are not addressed broadly in the integration
context play a main role in the outcome of TDM policy packages. However, different individual daily
trip purposes, city development, variations in land use and different levels of decision making about
transportation often lead to the implementation of more than one TDM policy at a time. This study
examined the role of TDM policy interactions on the macro and micro levels. On the macro level, this
study showed that the introduction of two-way interactions in the model could improve the goodness of
fit by 15%. On themicro level, we developed the concept of synergy for all levels of two policies. The results
show that generally synergy is a function of policies’ levels, and the integration of increasing parking cost
with either cordon pricing or increasing fuel cost has greater synergy at higher levels of the two policies. In
contrast, the integration of other two policies (i.e. cordon pricing and increasing fuel cost) had no synergy
in the examined ranges.
© 2011 Sharif University of Technology. Production and hosting by Elsevier B.V.
Open access under CC BY-NC-ND license.1. Introduction
Currently, Transportation Demand Management (TDM) is
a centerpiece of public policy around the world, especially
in megalopolises. The environmental and social costs of
congestion, such as air and noise pollution, depletion of
energy, road casualties, and daily delays, lead urban policy
makers to implement TDM policies. TDM is a general term for
strategies that result in the more efficient use of transportation
resources [1]. The generality of the TDMconcept and its reliance
on technology for implementation leads to the development
of several policies, and some past studies have focused on
the policies’ definitions and characteristics [2,3]. In addition,
some studies have attempted to classify the policies based
on their features (e.g. [4–6]). For example, Steg and Vlek
classified the policies based on their coerciveness towardmode
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Open access under CC BY-NC-ND license.change, and categorized policies as pull or push policies [7]. Pull
policies encourage the use of non-car modes by making them
attractive to car users; these policies include transit-oriented
development, street reclaiming and the development of bus
rapid transit. Inversely, push policies are those that discourage
car usage by making it less attractive; these policies include
road tolls, parking fees and cordon pricing.
Because each city consists of different types of individuals
who are affected differently by TDM policies, and because
the policies’ features affects each individual travel pattern in
a unique way, some studies recommend that a variety of
TDM policies should be simultaneously implemented [6,8].
Implementing several TDM policies may cover more individual
trips and may be more effective than implementing a single
policy. Vieira et al. found that simultaneous adoption of
TDM policies, which they called multi-instrumentality, might
overcome some of the identified weaknesses and eventually
enhance the strengths of single policies [9]. Additionally, a
variety of decisions made by public and private organizations,
which are often made without consideration of the indirect
and long-term outcomes, affect transportation systems [3]. This
issue shows that individuals often face many pull and push
motives for or against car usage. To analyze the effects of such
decisions on individuals’ travel patterns, one should be aware
of the effect of interactions among policies, in addition to the
main effects of the policies.
Although the development of transportation demand man-
agement approaches has led to awide and diverse range of poli-
cies in the past two decades, the recent challenge is to explore
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tive way [9]. To solve urban transportation problems, the inte-
gration of transport policies is promoted as a more realistic and
effective approach than the use of single policies, but the role of
the interactions among different policies is said to be the diffi-
culty of this approach from a research perspective [10].
This paper focuses on the role of the interactions of TDM
policies and the mechanisms of their effects on car usage. After
describing the research context in Section 2, the studied policies
and general contribution of their interactions in prohibiting
car usage (macro level) are described in Section 3. Section 4
focuses on the details of interactions of the integrated policies
(micro level) by developing the concept of synergy of two
policies. Section 5 summarizes the findings and describes the
proposals for further developments.
2. Research context
The interaction between TDM policies is an issue that few
studies have addressed. By investigating individuals’ attitudinal
responses to three push TDM policies and one pull TDM policy
in two case-study cities in the UK, Cambridge and Newcastle,
Thorpe et al. found that there is evidence of interaction effects
between the levels of public acceptance of TDM policies,
when considered separately and in combination with other
policies [11]. They found that due to the interactions, the
effect of integration of the studied policies is different from
the summation of their effects, when each of the policies is
implemented separately.
To assess the integrated policies, some studies have focused
on a small number of TDM policies, and have introduced
these policies to individuals as a limited number of packages.
Pendyala et al. assessed five TDM policies by adopting an
activity-based micro-simulation model system (AMOS) to
simulate changes in individual travel patterns [12]. In their
survey, they assessed the integration of specific policies in
four transportation control management scenarios in addition
to two single policy scenarios, and determined the possible
impacts of the scenarios. Similarly, Eriksson et al. examined
the acceptability of one push policy (increased tax on fuel) and
two pull policies (improved public transport and subsidized
renewable energy) individually and as packages combining
one push and one pull policy [13]. By proposing a model of
the factors predicting the acceptability of TDM policies, they
concluded that while the pull policies were perceived to be
effective, fair and acceptable, the push policy and the packages
were perceived to be ineffective, unfair and unacceptable. By
focusing on the improved public transport, increased tax on fuel
and the combination of these two policies as a package, these
authors further assessed the expected car usage reduction [14].
The results of their study showed that the integration of the two
policies was more effective than the individual policies.
Increase in the number of studied policies and the levels
of them, results in numerous combinations of policies as inte-
grated scenarios. In such cases, researchers often adopt an ex-
perimental design approach that generates fewer choice sets by
ignoring the effects of higher-order interactions. The details of
somemethods of the design of experiments in choice modeling
are presented in [15]. O’Fallon et al. investigated the potential
effect of 11 TDMpolicies on the respondent’s decision to choose
to drive a car to work or school during the morning peak period
in three cities in NewZealand through a stated-preferences sur-
vey [16]. Because they ignored all interactions in the design oftheir study, they did not focus on policy integration, and recom-
mended a study with fewer policies to explore the possible im-
pacts of combinations of specific policies. Habibian investigated
the effect of five TDM policies onmorning car commuters’ deci-
sions of travel mode in [17]. He introduced TDM policies’ two-
way interactions in addition to their main effects, and found
that the interaction variables were significant in the modeling
process. He also found that these variableswere significantwith
respect to individuals’ mode changes.
From a different perspective, Vieira et al. explored the
concept of multi-instrumentality as a procedure of policy
integration and implementation, whereby a systematic search
for complementary policies was completed when planning and
designing one (or several) core policy(s) aiming to fulfill one
particular policy more effectively [9]. They defined criteria
to assess the TDM policies and analyzed four improvement
mechanisms for each pair of policies. Based on meta-studies,
they defined the potential improvement between different
types of policies. Mayeres et al. identified four terms to describe
the combinations of policy packages [18]. They defined the
policies in a package in terms of complementarity, additivity,
synergy and perfect substitutability state. Complementarity
occurs when the simultaneous use of the two policies provides
greater benefit than the use of either alone. Additivity exists
when the benefit from the simultaneous use of the two policies
is equal to the sum of the benefit gain of using each in
isolation. Synergy occurs when the simultaneous use of the two
policies gives a greater benefit than the sum of the benefits of
using either one of them alone. Perfect substitutability exists
when the use of one policy eliminates entirely the benefit
gain from using another policy. Based on these definitions,
additivity, synergy and perfect substitutability are all forms of
complementarity. May et al. defined integration in terms of
the way that they expected the implementation of the two
policies to improve the attainment of the goals set relative to
one policy implemented on its own [19]. They also used the
Mayeres et al. [18] synergy concept as a benefit of integration,
and reviewed a number of examples to assess the amount
of synergy. By comparing the sum of benefit gains by using
each policy’s optimum level in isolation with the benefit gains
from their simultaneous use on these levels, they found little
evidence of synergy in outcome indicators.
Based on the above discussion, assessing the interaction
of TDM policies is an interesting issue within the context of
the integration of TDM policies. Two issues are addressed in
this paper. First, the general contribution of the interactions
of policies to the improvement of the mode choice model is
investigated (macro level). Second, the amounts of synergy
of the two policies based on the variation of their levels
are determined (micro level). In other words, the method to
determine the amount of synergy based on the optimum level
of each single policy is generalized to all of its levels, and
therefore, the amount of synergy is derived as a function of both
policies’ levels. It is notable that to find the answer to the above
questions, this study adopted themode choicemodel of the city
of Tehran, which is presented in Appendix. Design of this model
is based on the consideration of two-way interactions of policies
(details of this model are presented in [17]).
3. Interaction effects (macro level)
3.1. The studied policies
The model used in this study was developed to assess the
effects of five TDM policies in the city of Tehran. These policies
consisted of three push policies and two pull policies. The
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Policy Type Number
of levels
Description of levels
Increasing parking cost Push 3 No change, 4000, 7000 Rialsa/h
Cordon pricing Push 2 25000, 50000 Rials/day
Increasing fuel cost Push 3 No change, 3000, 5000 Rials/l
Transit time reduction Pull 3 No change, 15%, 30% reduction
Transit access improvement Pull 2 No change, 25% reduction
a 10000 Rials are almost equal to 1 US dollar.Table 2: Sample description.
Amount Percent
Gender Male 308 84.1Female 58 15.9
Marital Single 100 27.3Married 266 72.7
HH Size
1 4 1.1
2 86 23.5
3 129 35.2
4 90 24.6
5 42 11.5
6+ 15 4.1
Age
18–29 122 33.3
30–39 146 39.9
40–49 58 15.9
50–59 32 8.7
60+ 8 2.2
HH employee(s)
1 156 42.6
2 159 43.4
3 41 11.2
4+ 10 2.7
policieswere increasing the parking cost in the Central Business
District (CBD), cordon pricing into the CBD, and increasing the
fuel cost, transit (bus or subway) time reduction and transit
access improvement across the entire city. The latter two
polices were involved in implementing measures that favored
public transit vehicles in streets and at intersections, decreased
the time of boarding and alighting at stations, and increased the
numbers of transit lines and stops in the city.
Three of the polices, increasing the parking cost, increasing
the fuel cost and reducing the public transit time, were
divided into three levels, and cordon pricing and public access
improvement were divided into two levels. Table 1 shows the
policies and their levels. All push policies had fixed values for
their levels. For pull policies, because there were variations
in the transit time and transit access time for individuals,
values proportional to the current state were used; thus these
times were different for each individual. The term ‘‘no change’’
in Table 1 refers to the current value of a policy that each
individual already experiences.
The model was calibrated, using stated-preferences data
of 366 car commuters with their workplaces located in the
central area of Tehran. Respondents were interviewed face-
to-face in their workplaces, midway through the year 2009.
The interviews were enhanced with a special card to provide
the scenarios’ information details. Table 2 shows the sample
description. The survey questionnaire was designed, using
efficient design approach that allows all two-way interactions
to be assessed in addition to the main effect of the policies
(details of the approach are available in [20,15]).
In addition to driving, the adopted model which was in the
form of multinomial logit model, was able to predict the proba-
bilities of using five car-usage alternatives, including transit ac-
cessed by walking, the use of a motorcycle, transit accessed bycar, hailing a taxi, and arranging a taxi by phone, when the poli-
cies are implemented. In general, the finalmodel shows that the
main effects of cordon pricing, increasing the parking cost and
improving the transit access time and the effect of the interac-
tions between increasing parking cost and increasing fuel cost,
between cordon pricing and increasing fuel cost, and between
decreased transit time and improved transit access are signif-
icant in mode choice. Among these policies, the three studied
push policies directly affect the utility function of a car.
3.2. Contribution of interactions to the mode choice
The contribution of the interaction of policies to mode
choice is assessed in this section. Although it is possible to
show the significance of the improvement in model fit by
Chi-square test, the amount and range of such improvement
are sought. The method based on the information-theoretic
interpretation of ρ2 (goodness of fit) was adopted to assess
the contributions of the interaction variables [21]. To find the
range of such contributions, backward exclusion and forward
inclusion methods were adopted. In backward exclusion, the
goodness of fit for the final model was compared to that
for a model without interaction variables, and in forward
inclusion, only the interaction variables were added to the
market share model. In general, the former is expected to show
the lower bound, and the latter is expected to show the upper
bound of the range [22]. The final model column of Table 3
shows the results of this approach. The first and second rows
present the goodness of fit of the market-share (ρ2Market share)
and the final (ρ2Model) models (i.e. 0.098 and 0.305). The third
row shows the goodness of fit of the model with only the
interaction variables, in addition to constants by the forward
inclusion approach (i.e., 0.123). The fourth row shows the
goodness of fit of themodelwithout interaction variables by the
backward exclusion approach (i.e., 0.302). The fifth and sixth
rows present the goodness of fit improvements resulting from
interaction variables by the forward and backward approaches,
respectively (i.e., 0.003 and 0.024).
Contributions of the interaction variables to the improve-
ment of the goodness of fit of the model were derived by divid-
ing such improvements by the goodness of fit of the finalmodel.
The seventh row presents the lower bound (i.e., 0.83%), and the
eighth row presents the upper bound of this range (i.e., 8.01%)
for the model.
To assess the potential of interaction effects, the above
process was implemented in a model that included all of
interaction variables that were determined to be significant
by the Pearson correlation test. This model is called the full
model, and the results are presented in column four of Table 3.
Obviously, the full model has a greater goodness of fit than
final model, in presence of more variables, but because of
low significance of the variables, the full model is not usually
used. In fact, the full model was examined only for the sake
of assessing the potential effect of the interaction variables. As
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Row Goodness of fit Final model Full model
(1) ρ2Market share 0.098 0.098
(2) ρ2Model 0.305 0.309
(3) ρ2(FW) 0.123 0.143
(4) ρ2(BW) 0.302 0.302
(5) 1ρ2(BW)
a 0.003 0.007
(6) 1ρ2(FW)
b 0.024 0.046
(7) Lower boundc 0.83% 2.23%
(8) Upper boundd 8.01% 14.78%
a 100 ∗ ((2)− (4)).
b 100 ∗ ((3)− (1)).
c (5)/(2).
d (6)/(2).
seen in Table 3, in the cases of market share goodness of fit and
themodelwithout interaction variables, the finalmodel and full
model would be similar, and the values of goodness of fit would
be the same (i.e., rows 1 and 4).
Table 3 shows that the contribution of the interaction
variables affected the mode choice in a range between 1% and
8%, and the potential of their effect was approximately 15%.
This value is in line with the result of Dawes and Corrigan, who
obtained a similar value, using linear models [23].
4. Interaction effects (micro level)
4.1. Synergy
To answer the secondquestion raised in the beginning of this
paper, which regards the role of interactions in detail, we tried
to develop the concept of synergy in the case of all levels of the
policies. Initially, the synergy of two policies had to be defined.
In linewith the definition ofMayeres et al., synergy occurswhen
the simultaneous use of two policies gives a greater benefit than
the sum of the benefits of using either one of them alone [18].
By using this concept for all levels of two policies, a function
called the synergy function, S(.), could be defined for each pair
of policies A and B. This function is shown in Eq. (1).
S(Ai&Bj) = W (Ai&Bj)− (W (Ai)+W (Bj)), (1)
where W (Ai) and W (Bj) are the separate benefits gained
by implementing level i of policy A and level j of policy
B, respectively, and W (Ai&Bj) is the benefit gained by the
simultaneous implementation of level i of policy A and level j
of policy B. Generally, the benefit function, W (.), is defined as
the amount of benefit that could be provided to the society in
which the policies are adopted. Some studies have focused on
developing such a function regarding the estimable benefits for
a society [24–26].
Based on the above definition, the synergy function can take
various forms regarding the levels of policies A and B. If the
value of the synergy function becomes constant for all pairs
of policy levels, then a positive constant represents that the
synergy is occurring. A negative value or zero represents the
no-synergy state. If the value of the synergy function depends
on the specific levels of each of the two policies, then value
of Eq. (1) may be positive, zero, negative or a combination of
values over the range of the policies levels. A positive range
of the synergy function could be interpreted as the region
representing efficient combination of the policies’ levels and
would be of interest. It is worth noting that the negative values
of the synergy function represent the region in which the
policies are in the complementarity state, and therefore their
simultaneous effect is greater than the effects of implementingeach of the policies separately. We will describe these regions
in more detail in the next sub-section.
Furthermore, the variations of the synergy function, Z(A&B),
for the implementation of the levels of the policiesA and B could
be determined by Eq. (2).
Z(A&B) = S(Ai+1&Bj+1)− S(Ai&Bj). (2)
If the synergy function is monotonic, then the positive values
of Eq. (2) reflect that the synergy increases with increase in the
strength of the policies’ levels and decrease with decreases in
the strength of the levels. Inversely, negative values of Eq. (2)
indicate that the synergy decreases as strengths of the policies
increase and vice versa.
4.2. Synergy determination
Because the central aim ofmany studies on TDM is to reduce
the amount of car usage [27,28] and because many other goals
also depend on the amount of car usage (e.g., air pollution,
noise pollution, and non-renewable energy consumption), in
this study, the modal shift from cars to other alternatives
was treated as a proxy of the benefit gained through the
implementation of policies. In other words, the probability of
not using a car was equalized to the mentioned benefit that is
given by Eq. (3).
W (A) ≈ 1− P(A), (3)
where P(A) is the probability of car usage by the commuter
after policy A has been implemented. Therefore, Eq. (1) can be
rewritten as Eq. (4).
S(Ai&Bj) = P(Ai)+ P(Bj)− P(Ai&Bj)− 1, (4)
where P(Ai) is the probability of car usage when level i of
the policy A is implemented, and P(Ai&Bj) is the probability
of car usage when level i of policy A and level j of policy B
are simultaneously implemented. The probability value, P(.), is
estimable through the adopted mode choice model.
As mentioned before, the synergy function based on Eq. (4)
could take a range of values. Positive values of this function
indicate that there is synergy between two policies, and
negative values indicate that there is no synergy between them.
Because the significant policies of this study, that directly
affect the car usage, are the three push policies that are
appeared in the utility function of car in the mode choice
model (increasing the parking cost, increasing the fuel cost, and
cordon pricing), pair-wise implementations of these policies
were assessed to investigate their synergy. To investigate this
issue, the range of each policy variation was identified. For each
policy, a range between the current state of society in terms of
that policy and a value equal to 50%more than the highest level
designated in the design of the model was used. It is notable
that the range could be also more extended and such value was
selected only for the sake of demonstration.
4.2.1. Parking cost and cordon pricing
Both of these policies are effective in prohibiting car usage.
Figure 1 shows the values of the synergy function for the studied
range of each of the policies when they are simultaneously
implemented.
The vertical axis in Figure 1 represents the value of the
synergy function, and eachof thehorizontal axes represents one
of the policies. In the studied range, the shape of the surface
was monotonic, and therefore the values of Z(A&B) in Eq. (2)
will be positive. Figure 1 shows that the amount of synergy
varies in a range between −2% and 25%. It can be seen that,
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parking cost.
Figure 2: The amount of synergy between increasing fuel cost and increasing
parking cost.
for the lower levels of the policies, the values of the synergy
function was negative, which indicates that there is no synergy
in this region. Therefore, one could hypothesize that to achieve
a synergistic effect through the simultaneous implementation
of these policies, each policy should be implemented at a level
greater than a specific minimum value, which is a function of
the level of the other policy.
4.2.2. Parking cost and fuel cost
Figure 2 shows the variation of the value of the synergy
function for increasing the parking cost and fuel cost. As in
Figure 1, the vertical axis represents the amount of synergy,
and horizontal axes represent the increasing parking cost and
increasing fuel cost policies.
Figure 2 shows that the surface created by the synergy func-
tion is monotonic in the designated range, and therefore the
amount of Z(A&B) is positive in Eq. (2). This figure also shows
that the amount of synergy varies in the range between −2%
and 15%. Figure 2 shows a similar pattern to that of Figure 1; the
amount of synergy function in the lower levels of both policies
was negative, which could be interpreted as a no synergy state.
4.2.3. Cordon pricing and fuel cost
The variation of the synergy function for cordon pricing
and fuel cost is shown in Figure 3. This figure shows that
integration of increasing fuel cost and cordon pricing policies
is not monotonic in the studied ranges. Figure 3 also shows
that the value of synergy function is negative, and therefore
the policies have no synergy effect in the studied ranges. It
can be seen that the variation of the synergy function is less
than one percent in the studied ranges, which indicates that the
mentioned policies could be treated as mutually independent.
This section shows that the simultaneous implementation of
increasing parking cost policy with each of the two other push
policies shows evidence of synergy. In both of the integrated
policies (i.e. increasing parking cost-cordon pricing and in-
creasing parking cost-increasing fuel cost), the synergy did notFigure 3: The amount of synergy between increasing fuel cost and cordon
pricing.
occur if each of the policies’ levels was low. In addition, there
was no synergy in integration of increasing fuel cost-cordon
pricing in the studied ranges, which may be attributed to the
partial substitutability between these policies [19]. It may be
also originated from the insignificancy of these policies, simul-
taneousmain effects or their respected interaction,which cause
the policies not to be synergistic in the studied ranges. In fact,
in-depth analysis of policies’ marginal values shows that just
cordon pricing, parking cost, and the parking cost-fuel cost in-
teraction were significant. However, by assessing the integra-
tion of policies through various studies, May et al. reported that
in presence of complementarity of policies, there was little ev-
idence of synergy in performance against objectives [19]. They
also concluded that the synergy is harder to achieve with a sin-
gle objective, since the policies which contribute to it will to
some extent duplicate one another in their impacts. It may be
that synergy becomes more apparent when objectives are in
conflict. Furthermore, potential limitations of modeling policy
may be another reason of not capturing the fuel cost-cordon
pricing policies synergistic effect.
The above discussion shows that with the integration of
policies, one cannot know a priori that they have synergy. In
fact, synergy depends on the levels of the integrated policies,
and can be explored to increase the benefit of the integration.
5. Conclusions
This study examined the role of the interactions of TDM
policies through individual mode choice for work trips in
the city of Tehran. Five policies including three push policies
(i.e. increasing parking cost, increasing fuel cost, and cordon
pricing) and two pull policies (i.e. transit time reduction and
transit access improvement) were investigated.
This study yielded the following results:
• Because TDM policies have significant effects on each
other, which were represented as interaction variables in
the model used in this study, it is necessary to study
the interaction of policies in studies of the simultaneous
implementation of TDM policies.
• Based on the information-theory interpretation of ρ2, the
results show that the two-way interaction effects in this
study could potentially be responsible for approximately
15% of the variation in the model. Therefore, because it is
possible to include two-way interactions in the design of
stated-preferences experiments, it is reasonable to include
these interactions in the study to enhance the explanatory
power of the model.
• In the integration of two policies, the value of the synergy
function depends on the levels of each policy. In otherwords,
synergy may occur for some specific combinations of policy
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Mode
Variable Car (C) Walk & Ride
(W&R)
Taxi (T) Drive &
Ride (D&R)
Motorcycle
(MC)
Tel-Taxi
(T_T)
Constant −1.47911*** −3.7067*** −4.71756***
Transportation demand
management policy variables
Cordon −0.00045*** 0.00019**
Parking −0.00072**
Access −0.04308***
Park&fuel −0.28443D−05***
Cordon&fuel −0.32475D−06*
Pt_time&access 0.00029***
Commuting trip
characteristics
Trip distance −0.04709***
Trip time −0.00831** −0.02163**
Exp. fuel 1.63655*** −0.96755***
Ntrips −0.16253***
Pattern 2 −1.14779***
Pattern 3 −0.71008***
First trip time −0.00270*** 0.00282***
Pnocarwk −0.01549*** −0.02439***
PTnwacc −0.32765*** 0.92883*** −1.13229***
First Nacco −1.33701***
Accompany −0.73782*** −0.7778***
Park_payment 0.00010** −0.00049***
Nhempfull 1.95554*** 2.01646***
Comfort*Car1 −1.60144***
Dependency*Car1 −2.06142***
Dependency*Car2 −1.21224*** 0.83385*** −1.61018***
Poor_PT*Car1 0.42176***
Poor_PT*Car2 −0.24988*
HH socio-economic
characteristics
D car own −2.7221*** −1.63128***
Car acc −0.39136* 0.70960*
Nmotorcycle −1.56123*** −0.71112*** 1.56146***
D home place 0.22762* −1.4363***
Permission 0.78826*** 2.11787***
Female 1.49490***
Age < 30 −0.24548** 2.97584***
Age30_39 −1.36490***
Job_duration 0.03585*** 0.03663*** 0.07943***
Emp_full −1.08743***
Edu: BS −0.64900*** −2.03468***
Edu: BS+ 0.84445*** −0.44999* 0.56687** 1.09328***
D child ≤ 18 1.02271***
L(β) −2677.366
L(0) −3849.556
ρ2 0.305
N 607 580 592 178 127 112
* Positive significance at 10% level.
** Positive significance at 5% level.
*** Positive significance at 1% level.levels. Therefore, investigation of the synergy region of the
two policies is important. The integration of parking policy
with each of the other push policies showed this type of
variation in the synergy.
• For the parking pricing-cordon pricing and parking pricing-
fuel pricing integrated policies, the synergy functions were
monotonic, indicating that increasing the level of intensity of
the policies increased the amount of synergy. In otherwords,
at higher levels of both of policies, the reduction of car usage
was higher.
In this study, the probability of car usage was the only
analyzed benefit of TDM policies. Using a welfare function
for the society including other outcomes of transportation
sector policy implementation such as reduced air pollution,
energy consumption and resource depletion in future studiescan be expected to offer additional insight into the concept of
synergy. Furthermore, it would be desirable to focus on the
additivity region of the two policies as a lower bound of policy
implementation.
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Appendix
Table A.1 shows the final model used in this study, and
Table A.2 defines the adopted variables of this model.
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Variable Abbreviation
Transportation demand management policies
Policies:
Parking cost increase, Rials per hour Parking
Cordon price, Rials per entrance Cordon
Transit access time shortage, percent Access
Interaction of push policies:
Parking cost and fuel cost simultaneous effects Park&Fuel
Cordon pricing and fuel cost simultaneous effects Cordon&Fuel
Interaction of pull policies:
PT time reduction and access improvement simultaneous effects PT_time&access
Commuting trip characteristics
Distance between home and workplace Trip distance
Travel time between home and workplace Trip time
Likelihood of unsubsidized fuel use (self-reported on a Likert scale) Exp.Fuel
Number of daily trips Ntrips
Commuting with 1+ stop(s) in going or returning Pattern2
Commuting with 2 workplaces Pattern3
Start time of first trip First trip time
Likelihood of going to work, in absence of that car (self-reported) Pnocarwk
Non-walk access to transit (yes= 1) PTnwacc
Number of passengers in first trip First Nacco
Any passenger on that day? (yes= 1) Passenger
Parking payment in last week Park_payment
Number of full employees in HH Nhempfull
Board/alight a passenger or move freight in the trip (yes= 1) Cardependency
I use my car because it is comfortable Comfort
I use my car because transit is not good Poor_PT
HH socio-economic characteristics
Be the owner of the used vehicle (yes= 1) D car own
Car accessibility in household (number of cars to number of HH driving
licenses ratio)
Car acc.
Number of motorcycles owned by HH Nmotorcycle
Home location is in study area (yes= 1) D home place
Permission to enter to study area (yes= 1) Permission
Gender (Female= 1) Female
Age younger than 30 (yes= 1) Age < 30
Age between 30 to 39 (yes= 1) Age 30_39
Number of years that individual has been at his/her job Job_duration
Full-time employee (yes= 1) Emp_full
Degree of education is B.Sc. (yes= 1) Edu: BS
Degree of education is higher than B.Sc.(yes= 1) Edu: BS+
Child younger than 18 in HH (yes= 1) D child ≤ 18References
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